This study proposes an improved nonstationary model for flood frequency analysis by investigating the relationship between flood peak and flood volume, using the Three Gorges Dam (TGD), China, for verification. First, the generalized additive model for location, scale and shape (GAMLSS) is used as the prior distribution. Then, under Bayesian theory, the prior distribution is updated using the conditional distribution, which is derived from the copula function. The results show that the improvement of the proposed model is significant compared with the GAMLSS-based prior distribution. Meanwhile, selection of a suitable prior distribution has a significant effect on the results of the improvement. For applications to the TGD, the nonstationary model can obviously increase the engineering management benefits and reduce the perceived risks of large floods. This study provides guidance for the dynamic management of hydraulic engineering under nonstationary conditions. ARTICLE HISTORY
Introduction
Floods threaten human lives and economic development worldwide and are one of the primary topics in hydrological studies. Flood frequency analysis (FFA) is an essential approach used widely in evaluating the occurrence probabilities of flood events, and a basis for hydraulic infrastructure planning. Traditional FFA methods usually assume stationarity of hydrological data, implying that floods in certain years are independent and identically distributed. However, due to the aggravating influences of human activity and global climate change, the frequency and magnitudes of flood disasters keep changing (Milly et al. 2008 (Milly et al. , 2015 . Therefore, the stationary assumption of FFA cannot adequately meet practical needs and may present a great challenge for traditional hydrology research. Thus, it is essential to develop a nonstationary FFA model to adapt to the impacts of climate change and human activity.
Recent studies on flood mechanisms have indicated that large-scale modes of climate variability, e.g. El Niño Southern Oscillation (ENSO), the North Atlantic Oscillation (NAO), the Indian Ocean Dipole (IOD) and the Pacific Decadal Oscillation (PDO), have strong correlations with flood occurrence (Gershunov and Cayan 2003 , Haylock et al. 2006 , Henley et al. 2011 , Willems 2013 . Therefore, nonstationary univariate flood frequency models, which are coupled with climate indices as explanatory covariates, have been proposed. Among them, the generalized additive model for location, scale and shape (GAMLSS; Lane et al. 2005 ) is the most widely used tool for FFA. It assumes that the climate indices and distribution parameters (e.g. of location, scale and shape) have linear or nonlinear associations (Liu et al. 2014 , Lima et al. 2015 , Zhang et al. 2015 , Zeng et al. 2017 . Time is also taken as a covariate to describe the monotonic trend of hydrological variables (Aghakouchak et al. 2013 , Cunderlik et al. 2007 , Villarini et al. 2009 , Gu et al. 2017 , Um et al. 2017 ). In addition, there are some alternative approaches to the at-site nonstationary FFA. For example, Strupczewski et al. (2009) used the seasonal variability to analyse the nonstationary FFA. Strupczewski et al. (2016) proposed a new method which assumes that mean and standard deviation parameters are time-varying, and then Debele et al. (2017) compared this new method with GAMLSS.
Multivariate frequency analysis has also been proposed to describe a certain hydrological element at multiple stations (Renard 2011 , Chen et al. 2014 , Sun et al. 2014 , or multiple hydrological elements at the same station (Mediero et al. 2010, Salas and Obeysekera 2014) . These multivariate frequency analysis approaches take the relationship between hydrological elements into consideration, and thus can better represent the occurrence of floods (Mediero et al. 2010, Salas and Obeysekera 2014) . They usually use some joint distribution functions, such as a copula function, to fit the joint distributions of multiple flood elements (Grimaldi and Serinaldi 2006 , Zhang and Singh 2006 , Renard and Lang 2007 , Volpi and Fiori 2012 , Callau Poduje et al. 2014 . The nonstationary multivariate distributions were also analysed using time-varying copula functions. The distribution parameters of time-varying copula functions were correlated with some covariates (Bender et al. 2014 , Jiang et al. 2015 , Ahn and Palmer 2016 .
Bayesian statistics has been applied in FFA for many years, as it can more easily consider the uncertainty of parameters. Kwon et al. (2008) used hierarchical Bayesian analysis to evaluate several factors that influence the frequency of extreme floods for a basin in Montana, USA. Renard (2011) gave a fully Bayesian framework to conduct regional frequency analysis. Sun et al. (2017) developed a Bayesian method to address missing rainfall estimation from runoff measurements based on a pre-calibrated conceptual rainfallrunoff model. García et al. (2018) used a hierarchical spatiotemporal Bayesian model with a generalized extreme value (GEV) parameterization to analyse the temporal trend in extreme rainfall in the region of Extremadura, Spain, for the period 1961 . Bracken et al. (2018 proposed a hierarchical Bayesian framework for conducting multivariate nonstationary frequency analysis and showed the advantages of multivariate distributions over the univariate distributions.
Even though a number of multivariate analyses have been conducted to consider the relationship between flood elements, the intrinsic relationship among flood elements is rarely used to improve univariate nonstationary flood distributions. Therefore, the first objective of this study is to propose an improved univariate nonstationary model for FFA using the relationship between flood elements from Bayesian statistics. Since GAMLSS has been used successfully in nonstationary FFA, GAMLSS (Li et al. 2018 ) is selected as the prior distribution in this study. Then, Bayesian statistics are used to update the GAMLSS-based prior distributions using the conditional distribution, which is derived from a copula function.
The Three Gorges Dam (TGD), as the largest key hydraulic engineering structure in China, was selected as the study target in this paper. There are many studies analysing the streamflow in the TGD. For example, Xu et al. (2007) identified climatic influences on summer monsoon inflow to the TGD and used indices of these influences to predict streamflow one season ahead. Kwon et al. (2009) predicted the seasonal flow and peak annual flow using sea-surface temperatures and upland snow cover one season ahead of the prediction period. Guo et al. (2012) evaluated the effects of the TGD on the Yangtze River flow and river interactions with downstream lakes and tributaries. Liu et al. (2014) established a climate-informed lowflow frequency analysis using climate indices as covariates. Yang et al. (2017) analysed the influence of the operation of TGD on water levels and flows in reaches below the dam. However, studies on nonstationary FFA in the TGD are still limited, and GAMLSS has not been compared extensively in the TGD (Kwon et al. 2009 , Liu et al. 2014 . Therefore, the second objective of this paper is to compare and select the best GAMLSS model for nonstationary FFA in the TGD.
Study area and data
The TGD is located in the middle reaches of the Yangtze River (30°44′18″N, 111°16′29″E) , as shown in Figure 1 . The TGD has the functions of flood control, hydropower generation and navigation, among other uses. Flood control serves as the most important function. The TGD ensures the safety of around 400 million people living in the middle and lower reaches of the Yangtze River basin (YRB) (Xu et al. 2007) .
During the 20th century, the YRB experienced floods in 1924, 1926, 1931, 1935, 1954, 1983, 1998 and 1999 . The flood in 1998 caused 3700 deaths, made 233 million people homeless, and resulted in US$4.5 billion of economic losses (Xu et al. 2007) . Additionally, in 1978, drought across the whole basin led to harvest losses across 111.74 × 10 3 km 2 , and the affected population reached 66.44 million (Dai et al. 2010) . After the construction of the TGD in 2003, the flood control standards of the Jingjiang River have risen from decade-scale return period to century-scale return period (Xiang et al. 2010) . Scientific flood management can guarantee the safety of the population and economy, and FFA is the basis of statistical flood management. hydrological station is a representative station at the TGD, being located 44 km downstream of the TGD, with the main measurement items including runoff (m 3 /s), sediment concentration (kg/m 3 ) and water quality. We chose this site because it has been used to represent the TGD in many studies (Xu et al. 2007 , Kwon et al. 2009 , Liu et al. 2014 . The Mann-Kendall (M-K) trend test showed that the annual maxima series from1953 to 2013 had a significant (α ¼ 0:05) decreasing trend.
Before 2003, there were no major diversions or obstructions on the upstream reaches of the Yangtze River Basin (YRB) and, to the best of our knowledge, the streamflow values are not notably impacted by control structures (Xu et al. 2007) . After 2003, with the construction of the TGD, the streamflow values, especially flood data at the YHS, were greatly influenced by the TGD. As a result, the streamflow data for the YHS after 2003 were adjusted to approximate natural flow, to keep the long-term records consistent by the principle of water balance. We collected the inflow, Q i , and outflow, Q o , of the TGD from the China Three Gorges Corporation 1 for the period after 2003. Let the observed streamflow at the Yichang site be Q y , then the streamflow of the Yangtze River between the TGD and Yichang station is Q y − Q o ; and this was added to the inflow of the TGD, Q i . Finally, we replaced the observed streamflow after 2003 at the YHS by the adjusted streamflow (Q y − Q o + Q i ). The adjusted streamflow can serve as a practical estimate of natural streamflow at the YHS. The whole dataset was used for subsequent FFA.
Flood peak (maximum annual daily discharge) and maximum annual 15-day volume were selected as the targets to analyse the joint distribution between flood elements. The day when maximum annual daily streamflow occurs must be located in the 15 days of maximum annual 15-day volume, ensuring that the flood peak and maximum annual 15-day volume are selected from the same flood in a given year. The Spearman correlation coefficient between flood peak and flood volume is 0.771, indicating that they are closely related and one cannot ignore the relationship in the FFA.
Candidate climate indices include 74 climate circulation parameters obtained from the China National Climate Center 2 and nine commonly used global climate indices: in terms of the Atlantic Ocean (North Atlantic Oscillation, NAO), the Pacific Ocean (North Pacific Index, NP; Eastern Pacific Oscillation, EPO; Pacific Decadal Oscillation, PDO), and three datasets of sea surface temperature, SST: Niño 3, Niño 3.4 and Niño 4). Details of these datasets are given in Table 1 . The 74 climate circulation parameters include climate indices for the polar vortex in the Northern Hemisphere, the subtropical ridge over India, the subtropical ridge over the South China Sea, and the subtropical ridge over the Pacific, which have been used recently for meteorological or hydrological research in China (Zhang et al. 2017 , Zhi-Yao et al. 2017 . A polar vortex is an upper-level low-pressure area lying near the Earth's poles. Some researchers have found an interaction between the polar vortex and outbreaks of severe cold, Arctic sea ice decline, reduced snow cover, evapotranspiration patterns, NAO anomalies, or weather anomalies in the Northern Hemisphere (e.g. Baldwin and Dunkerton 2001 , Song and Robinson 2004 , Overland 2013 . The subtropical ridge, also known as the subtropical high, is a significant belt of atmospheric high pressure situated around the latitudes of 30°N in the Northern Hemisphere and 30°S in the Southern Hemisphere. It is a product of the global air circulation cell known as the Hadley Cell (Oliver 2005) . As the subtropical ridge varies in position and strength, it can enhance or depress monsoon regimes around their lowlatitude periphery (Wu et al. 2004 ).
Identification of the climate covariates
Here, the climate indices were identified to find the explanatory covariates (c 1;i and c 2;i ) for subsequent GAMLSS-based prior distributions. The optimal number of covariates was determined to be two by referencing some similar studies (Steinschneider and Brown 2012 , Liu et al. 2014 , Lima et al. 2015 , Zeng et al. 2017 . Some studies have shown that the flood peak at the YHS during the flood season is influenced by ENSO (Dai and Wigley 2000, Xu et al. 2007) . During the ENSO warm events, the East Asian monsoon circulation is weakened, causing less rainfall in northern China, leading to increased rainfall, streamflow and flooding in south central China, because the subtropical ridge remains to the south (Wu et al. 2004 , Xu et al. 2007 . Meanwhile, the Southern Oscillation Index (SOI) is closely related to ENSO. The SOI in April of the forecast year has a maximum Spearman correlation of −0.264 with the flood peak in the TGD for the preceding two years, and thus was selected as the first covariate for flood peak. Besides, the cold-air intrusion into China also influences precipitation in China (Wang et al. 2017 ). An index of the frequency of cold-air intrusions into China in April of the forecast year has a maximum Spearman coefficient of 0.419 for the preceding two years and was selected as the second covariate. The Spearman coefficient between the two covariates was 0.007, and they could therefore be regarded as independent. The upper reaches of the YRB are located in the southwest region of China, subject to a subtropical monsoon climate. The precipitation in the YRB is influenced by the Indian subtropical ridge (Wu et al. 2004 , Yang and Lau 2004 , Xu et al. 2007 , Zhou et al. 2011 . The strength of the Indian subtropical ridge (65°E-95°E) in December of the antecedent year has a maximum Spearman coefficient of 0.259 for the preceding two years and was selected as the first covariate for flood volume. In addition, the polar vortex in the Northern Hemisphere has a great effect on the East Asian summer monsoon system and the rainfall in the YRB (Song et al. 2005) . The index of the station of the polar vortex centre in the Northern Hemisphere in July of the antecedent year has a maximum Spearman coefficient of 0.350 for the preceding two years, and was therefore selected as the second covariate of flood volume. The Spearman coefficient between the two covariates was −0.111, so they were also almost independent.
Methods
Bayesian statistical methods were used to improve the GAMLSS-based prior distributions using the intrinsic relationship between flood peak and volume. Suppose x, y denote different flood elements, then the improved nonstationary model is expressed as:
where f i xjy i ð Þ is the posterior distribution of x in year i; y i is the observed predictand in year i, which gives the posterior information; f ðy i jxÞ is the conditional probability distribution arising from the copula function; f i x ð Þ is the GAMLSS-based prior distribution at year i; and f i y i ð Þ is the marginal density function of y in year i when the variable y is equal to y i .
In this study, flood peak and flood volume were selected as targets, where x represents flood peak and y represents flood volume. The posterior distribution of flood peak was calculated. Then, the objects were reversed. The prior distribution f i x ð Þ based on GAMLSS is described in Section 'Prior distributions', the conditional distribution y i jx ð Þ derived from the copula distribution is shown in Section 'Conditional probability function', and the prediction of the y i is given in Section 'Predictands'.
Prior distributions
The GAMLSS has been used successfully in nonstationary FFA (Liu et al. 2014 , Lima et al. 2015 , Zhang et al. 2015 , Zeng et al. 2017 and was selected as the prior distribution herein, which assumes that the covariates and distribution parameters have linear or nonlinear association (Lane et al. 2005) . The GEV distribution was selected to fit the distribution of flood peak and flood volume, as it has been used widely in hydrology and GAMLSS (Liu et al. 2014 , Lima et al. 2015 , Um et al. 2017 . The GEV distribution contains three parameters: a location parameter, μ, a shape parameter, ξ, and a scale parameter, σ. According to previous studies (Liu et al. 2014 , Lima et al. 2015 , Kwon and Lall 2016 , ξ and σ in this study were assumed to be invariant with time, while μ was taken as a nonstationary dependent variable with covariates. Then, the GLAMSS-based prior distribution f i x ð Þ at year i was as follows:
where t is the time covariate; c 1;i and c 2;i are the climate covariates (see Section 'Identification of the climate covariates'); α represents the regression parameters that need to be estimated; and gðÞ is the function between μ i and the covariates t; c 1;i and c 2;i . In this study, eight improved nonstationary models were established according to the different functions gðÞ, which are listed in Table 2 . The location parameter μ i of Model 1 is constant, and the prior distribution 1 is the traditional stationary distribution; μ i of Models 2 and 3 has linear and quadratic functions with the time covariates; and Models 4-8 consider linear or quadratic functions with c 1;i and c 2;i . The parameters of these eight models listed in Table  2 were estimated using the maximum likelihood (ML) method.
To sum up, three kinds of GAMLSS were considered in the prior distributions of eight models, including the stationary distribution (Model 1), time-informed nonstationary Table 2 . Different functions gðÞ of the eight GAMLSS-based prior distributions used in the study.
Model
Function, gðÞ Model 1
distributions (Models 2 3), and climate-informed nonstationary distributions (Models 4-8). These eight prior distributions can cover current GAMLSS distributions used for nonstationary FFA. Therefore, first we compared these eight prior distributions for nonstationary FFA and selected the best one for the TGD, and then the improvements of the proposed method to these eight prior distributions were evaluated.
Conditional probability function
The flood elements usually have an intrinsic relationship (Grimaldi and Serinaldi 2006 , Mediero et al. 2010 , Requena et al. 2013 . It is necessary to consider the intrinsic relationship between flood peak and volume to inform the posterior distributions (e.g. the Spearman correlation coefficient between flood peak and flood volume of the TGD is 0.771). Due to the remarkable advances in the use of copula functions in hydrological research (Grimaldi and Serinaldi 2006 , Zhang and Singh 2006 , Renard and Lang 2007 , a copula function was selected to fit the bivariate distributions, which may be expressed as follows:
where CðÞ is the copula function; G x ð Þ and H y ð Þ represent the cumulative density functions of x and y, respectively; and FðÞ is the joint cumulative distribution between x and y.
Based on the copula function, the conditional probability density function of a flood element may be expressed by Equation (7) (Grimaldi and Serinaldi 2006) :
In Equation (7) g x ð Þ and h y ð Þ are the probability density functions of x and y, respectively; and f x; y ð Þ is the joint density function, which can be derived from the copula function.
Three commonly used copula functions, the GumbelHougaard, Frank and Clayton copulas, were performed to fit the joint distributions between flood peak and volume based on (1) the maximum likelihood method (ML; Genest and Rivest 1993) and (2) the method-of-moments-like estimation (MOM; Genest et al. 1995, Reddy and Ganguli 2012) . The MOM estimates the copula parameter θ using the one-toone correspondence between θ and the Kendall correlation coefficient τ. The probability distributions of copula functions and the relationships between θ and τ are shown in Table 3 (Nelsen 2006, Reddy and Ganguli 2012) .
Two criteria were selected to define the final copula function, the Akaike information criterion (AIC) and the Bayesian information criterion (BIC). The results are shown in Table 4 . The Clayton copula determined using the ML method outperformed other copulas and was selected as the theoretical joint distribution function between flood peak and flood volume of the TGD. Then, the conditional distribution f yjx ð Þ could be derived from Equation (7).
Predictands
After obtaining the prior distributions and the conditional probability function of flood elements, the marginal distribution of y i in Equation (1) still needed to be calculated. Therefore, a multiple linear regression model between flood elements and climate covariates was established. The climate indices in Table 1 from the preceding two years to April in the forecast year were selected as alternative predictors. The selection of predictors contains two steps. First, the Pearson correlation coefficients between climate predictors and flood peak and volume were calculated. The climate predictors whose Pearson coefficients relative to the flood elements were the highest 15 values were chosen to be the candidate predictors. Second, based on these 15 chosen candidate predictors, the "all subsets regression" method was used to select the final climate predictors based on adjusted R 2 using the "leap" package in R3.4.4 software. 3 In the "all subsets regression" method, every possible model is inspected: the best onepredictor model is selected, followed by the best two-predictors Table 3 . Basic properties of the three copulas used in this study. (Miller 2002) . Finally, the predictors of the model with the largest adjusted R 2 are selected as the final predictors.
The final predictors used for prediction and their Pearson coefficients with flood elements are shown in Table 5 . The climate indices in Table 5 are confirmed by some meteorological research on the YRB (Gong and Ho 2002 , Xu et al. 2007 , Qiang et al. 2013 , Zhang et al. 2017 and are also consistent with the previous streamflow predictions in China (Xu et al. 2007 , Qiang et al. 2013 , Liu et al. 2014 ). The observed and predicted peak and volume of floods are shown in Figure 2 . The Nash-Sutcliffe efficiency coefficient (Nash and Sutcliffe 1970) between observation and predictands was 0.676 and 0.601 for flood peak and flood volume, respectively. Thus, it is thought that the predictands y i are convincing.
Indices for model evaluation
The leave-one-out cross-validation method was used to reveal how well the Bayesian model can perform in truly out-ofsample predictions recognizing that different climate epochs may lead to different model performance (Chen et al. 2014 , Thorarinsdottir et al. 2018 . First, the first year is extracted, and the model is trained by the remaining years. Then, the posterior distribution of the first year is obtained based on the trained model. This process is then repeated for each year in the record until all predictive results are obtained. Finally, the model evaluation indices are calculated based on the results. In this paper, three indices were used to evaluate the prediction of flood peak and flood volume.
(1) The coefficient of efficiency, CE, which ranges from À 1 to +1, is similar to the statistic R 2 (Chen et al. 2014) , and is given by:
where O i and S i are, respectively, the observed values and the predicted posterior mean values of the flood elements in the year i, and O c is the mean value of the observed data. The CE is used to measure the goodness of fit of the model compared with the mean of the observed data; CE > 0 indicates that the predicted flood elements are better than the mean of the observed data, while CE < 0 indicates that the predictions are poorer than the mean of the observed data; in other words, the residual variance (described by the numerator in Equation (8)) is larger than the data variance (described by the denominator).
(2) Root mean square error of mean value, RMSEM. We refer to another commonly used index RMSE, and replace the predictands with the predicted posterior mean of the flood elements, then the RMSEM is defined as (Zeng et al. 2017) :
(3) Average band-width, AB. For a probability prediction, it is necessary to assess the uncertainty of the results. The AB was selected to represent the uncertainty of predictions (Xiong et al. 2009 ): are, respectively, the 0.95 and 0.05 quantiles of the result in year i. Therefore, AB represents the width of the 90% confidence interval. The smaller the AB, the better the prediction.
Results and discussions

Posterior distributions
The posterior distributions of eight models for flood peak and flood volume were calculated in this study. The evaluation indices of the eight models and their GAMLSS-based prior distributions are shown in Table 6 . The improvement of all eight models was remarkable compared with their prior distributions. The CE values increased and the uncertainty parameters (AB) also declined in these eight models, indicating that the relationship between flood peak and flood volume could obviously improve GAMLSS-based prior distributions. For flood peak estimation the optimal model was Model 5, and for flood volume estimation the optimal model was Model 6. Models 2 and 3 performed worst out of these eight models for flood peak and flood volume. The posterior distributions of Models 2, 3, 5 and 6 for flood peak and flood volume are plotted in Figures 3 and 4 , respectively. In Figures 3 and 4 , the uncertainty of Models 2 and 3 is larger than that of Models 5 and 6. The AB index also shows this phenomenon. In contrast, Models 5 and 6 performed much better and could describe some extreme floods. For example, there were extreme floods in the TGD in 1954 and 1998. The nonstationary flood volume of Models 2 and 3 was just equal to other ordinary years, whereas Model 6 could predict the extreme flood volume in these two years. Figure 3. Posterior distributions of flood peak for Models 2, 3, 5 and 6. The solid (red) line is the observed flood peak; the shaded (grey) area is the 90% confidence interval, and the darker area is the 50% confidence interval; the solid lines are the 50% quantile (blue) and the dashed (red and black) lines represent the traditional 95% and 50% quantiles, respectively, under the stationarity assumption.
Even though the prior distributions of these eight models are different, the conditional distribution used to obtain the posteriors of the eight models is the same; that is to say, they all used the same copula function to improve the GAMLSS-based prior distributions. Therefore, the different performance of these eight models may be mainly attributed to the GAMLSS-based prior distributions. Comparing prior distributions and posterior distributions, it was found that if the prior distribution performed better, then the posterior distributions would perform better too. Taking Model 2 as an example: the prior distribution performed worst compared with other prior distributions for flood peak, but the posterior distribution was also the worst of the eight models. Therefore, it is essential to choose an optimal nonstationary prior distribution as the prior distribution.
Influence on the dynamic management of TGD
The nonstationary model in this study used climate indices as covariates and can give results before the flood season occurs. Thus, the risks of coming floods are predicted and the managers of the TGD can receive information on these risks and adapt to the potential coming floods. As a result, the management of the TGD is dynamic and adapted to the risks of floods. The management of hydraulic projects based on nonstationary FFA is termed "dynamic management" in this paper. The results of Models 5 and 6 are used to discuss the influence of the nonstationary FFA on the dynamic management of the TGD due to their good performance for flood peak and flood volume out of the eight models.
The 1%, 5% and 10% design values were determined under stationary FFA, which is the prior distribution of Model 1. Then, the nonstationary exceedence probabilities of these design values were plotted, as shown in Figure 5 . Under the stationary assumption, the exceedence probabilities were equal to 1%, 5% and 10% throughout. However, under the nonstationary assumption, the exceedence probabilities were less than 1%, 5% and 10% in most years and larger than these probabilities only in a few years, such as 1954 and 1998. Meanwhile, there were extreme floods in the TGD in 1954 and 1998. Therefore, if the nonstationary models were used for the management of the TGD, the exceedence probabilities would be much larger than those based on the stationary assumption when extreme floods occurred; so the risks of extreme floods would be reported as lower when compared to the stationary assumption.
From Figure 5 , it can be seen that, when FFA evolves from stationarity to nonstationarity, the influence on the dynamic management of hydraulic engineering is significant. It is critical to propose a framework for dynamic management based on the nonstationary FFA to reduce the expected risks of some extreme floods. Meanwhile, given the studies of dynamic management based on short-term flood prediction (Xiang et al. 2010 , Chen et al. 2013 , dynamic management combining the short-term prediction and nonstationary FFA for certain hydraulic engineering projects, such as reservoirs, is a good choice for the future.
However, there are some flaws in nonstationary FFA that hamper the dynamic management of hydraulic projects. First, the choice of climate indices still needs further investigation. In this study, we selected climate indices based on previous studies and correlation coefficients. However, different researchers will have different criteria and may select different climate indices. As a result, the nonstationary FFA will be different. This difference will bring large uncertainty for dynamic management and is not allowed for management of some large hydraulic projects such as the TGD. Second, the reliability and robustness of nonstationary FFA need further investigation and improvement. The errors between nonstationary FFA and observed floods are smaller compared with stationary FFA, but are still large for dynamic management. The different nonstationary models used in this study can also produce entirely different results. For example, the nonstationary flood volume of Models 5 and 6 for 1954 is totally different, as shown in Figure 4 . The error of Model 5 for flood volume in 1954 is too large and could bring danger for the TGD if the results of Model 5 were used.
Conclusions
In this paper, improved nonstationary models for flood peak and volume of the TGD were established by making use of the intrinsic relationship between flood elements. Then, the influence of the nonstationary assumption on the management of hydraulic engineering was analysed. The primary conclusions of this study can be summarized as follows:
Compared with the GAMLSS-based prior distributions, the improved model clearly increases the accuracy and reduces the uncertainty of the flood distribution. It will be a good choice to update prior nonstationary distributions by the intrinsic relationship between hydrological elements in the future.
The prior distributions of Models 1, 2 and 3 exhibited inferior performance compared with other GAMLSSbased prior distributions. The prior distributions that used climate indices as covariates gave the best performance and were much better than the others. In addition, the weaknesses of prior distributions can always make posterior distributions worse. Thus, it is necessary to select an optimal prior distribution in the improved nonstationary model. The nonstationary FFA could be helpful for the dynamic management of hydraulic engineering. From the case study of the TGD, it is seen that the dynamic management strategies under the nonstationarity assumption are more secure and economical. It is important to propose a framework for dynamic management based on nonstationary FFA, especially in the context of climate change.
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